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Abstract:
Satellite remote sensing (RS) techniques have revolutionized the study of spatial and
temporal processes in environmental science and water resources engineering. This study was
focused on advancing the understanding of RS techniques to provide estimates of spatial
variability of surface water temperature and corresponding evaporation rates for open water.
Evaporation plays a crucial role in water budgets, which is critical knowledge for water
management, especially in arid environments. However, there are few methods to estimate its
spatial variability, which is relevant because water does not evaporate equally everywhere on
a large waterbody. Hence, we cannot assume the calculations of evaporations extrapolated
from a point-measurement represent an entire water body. Remote sensing technologies, such
as satellite imagery, can provide a better sense of spatial heterogeneity of surface water
temperatures, and hence evaporation rates.
Thermal-Infrared (TIR) sensors, provide the potential to estimate spatially varying
evaporation rates from an entire water body. Several studies in the past have used TIR
technologies to estimate evapotranspiration, but open-water evaporation has not been
thoroughly studied. The goal of this study was to assess the applicability of TIR sensors for
estimation surface water temperature and open-water evaporation rates at Cochiti Lake, New
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Mexico, USA. This was accomplished by comparing surface water temperature data derived
from Landsat 8 imagery to in-situ measurements from a Collison Floating Evaporation Pan
(CFEP). A regression approach was used to extrapolate evaporation measurements from the
CFEP to the entire lake. The results indicate that these techniques hold the potential to advance
knowledge of spatial variability of these variables, and hence, to improve the accuracy of water
budgets for water resources management.
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1. Introduction:
Evaporation dominates the water budget in arid and semi-arid climates (Bouwer et al,
2007); because of this, it is crucial to correctly estimate it and further understand how it varies
spatially and temporally. Water evaporates at a higher rate near the shore of water bodies than
it does in the center, due to the increased temperature of the surface water, and thus it is
important to understand how much the evaporation rates can vary spatially within a body of
water. Spatial variation of evaporation can be accounted for using spatial imagery because it
can capture the surface temperature of the entire water body (Bouwer et al. 2008).
Water evaporates at different rates depending on the temperature of water. Warmer
water will evaporate at a great rate than cooler water when other evaporation forcing variables,
such as relative humidity and wind speed, are held constant. This is due to the greater diffusion
rate of water molecules from liquid state to vapor state (Collison, 2019). Given this spatial
variation, accurately quantifying evaporation is crucial for the water budget, especially in New
Mexico, as water is a scarce and limited resource. In the New Mexico Water Use by Categories
document, Magnuson et al. (2019), it is shown that in 2015 evaporation was the 3rd largest
category of water withdrawals in New Mexico, accounting for 7.42% of water withdrawals,
only after irrigation (76.30%) and public water supply (9.12%), which means that it is a
category of water use that must be studied. This is relevant because as the population increases,
and water demand increases, carefully monitoring evaporation becomes crucial, as well as
improving the methods by which we do so. Another reason why it is so important to quantify
evaporation accurately is because evaporation is a major component in the water budget of arid
environments (Pearlmutter, 2009).
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Several conventional methods for estimating evaporation have been in place for more
than a century and new innovations continue to advance these measurement techniques (Jensen
et al, 2016). Evaporation estimation techniques include traditional land-based evaporation pans
(Jensen et al, 2016) and the Collison Floating Evaporation Pan (CFEP)(Collison, 2019).
Indirect methods for measuring evaporation include: the water budget method, the
aerodynamic method, also known as the mass transfer method, the energy balance method and
other combination methods (Jensen et al, 2016). More specifically, evaporation pans are used
to estimate evaporation rates by putting water into a metal pan and as water evaporates the
water level is measured with a hook gauge (Finch and Calver, 2008). Then, the pan is refilled,
and this process is repeated. Uncertainty exists with this method for estimating evaporation
because this procedure lacks the insight on how evaporation rates vary spatially, as well as
because the pan does not have the same characteristics as an open body of water (Finch and
Calver, 2008).
Evaporation can also be studied in terms of energy (Finch and Calver, 2008). Latent
heat flux is the amount of energy that is required to change the phase of water from a liquid to
a vapor resulting in evaporation, as described by Perkins (2005). Latent heat flux is an essential
concept given that it relates to the amount of energy required to evaporate water from a body
of water, and it is a way of quantifying evaporation (Finch and Calver, 2008).
Spatial variation of temperature in an open body of water can be captured by remote
sensing technologies because the imagery is able to capture the entire water body within
relatively the same time period, and it is possible to use it to calculate the spatial variability of
evaporation. Traditional methods cannot account for the spatial variation of evaporation given
that they are point-estimates and cannot describe how different the evaporation rates are
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throughout water bodies. Water evaporates differently at different locations within the water
body, and when capturing information with an image, it is possible to estimate these
evaporation differences (Bouwer et al, 2008). The latest Landsat 8 products Operational Land
Manager (OLI) and Thermal Infrared Sensor (TIRS) have a spatial resolution of 30 meters,
and a temporal resolution of 16 days, which allows us to investigate hydrological concepts and
variables spatially and temporally. This imagery is especially valuable when the study area
does not provide easy access for researchers to take in-situ measurements.
The reason why studying the spatial variation of evaporation is crucial is because it will
allow for a smarter storage of the state’s water. By studying the spatial variation of evaporation,
it would be possible to analyze the best places to store water, for example by closing off areas
of lakes where the evaporation rates are very high, and keeping the water in the deeper and
colder parts of the lakes, or by storing water in different reservoirs where less water is lost due
to evaporation. Hence, investigating the spatial variability of evaporation can allow for better
water management in arid climates.

2. Objectives:
The goal of this study was to assess the applicability of thermal infrared sensors for
estimating surface water temperature and open-water evaporation rates at Cochiti Lake in New
Mexico, USA. This was accomplished by satisfying the following three objectives.
(1) Investigate the use of Landsat TIRS imagery for estimating surface water
temperatures of the lake;
(2) Explore approaches for estimating spatial variability in lake evaporation;
(3) Compare estimates of lake evaporation between conventional and RS approaches.
3

The first objective was addressed by using Landsat TIRS imagery to compute water
surface temperatures and to thermally map the lake. This included the application of image
processing tools using Python 3.0.
The second objective was addressed through a regression approach to calculate the
spatially varying evaporation using the temperature data obtained from Landsat imagery in
combination with in-situ data from a CFEP.
The third objective was addressed by calculating the total evaporation for each date in
km3/day and comparing them to the CFEP estimates. The total evaporation for the entire study
period was calculated and compared to the CFEP as well.

3. State of the Science:
Several approaches have been used in the past to thermally map the earth using
remotely sensed imagery from, unmanned aerial vehicles (UAVs), manned aircraft and
satellites (Yang and Lee, 2019, Feng et al, 2015). Different sets of thermal imagery have been
utilized to thermally map temperatures of both land and water. One of the examples in which
a UAV was used to thermally map an area was in Yang and Lee (2019). Yang and Lee (2019)
proposed a technique for thermally mapping areas without the need for ground control points
by using a thermal and visual sensor. The main goal of this study was to create an orthomosaic
by aligning the thermal imagery with the RGB imagery. In order to derive temperature values
from their digital numbers (DNs), which are the original brightness values of each pixel
(Jensen, 2016). Temperature measurements were also taken in several parts of the park and
lake that they were thermally mapping, and a regression procedure was performed to derive
the temperature values for the remaining pixels. After aligning the imagery with the proposed
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procedure, the largest positional error was 45.35 cm, which was smaller than the original size
of the pixels. Because of this, they deemed the procedure fit for thermally mapping.
Satellite imagery has also been used to thermally map both land and water. Feng et al.
(2015) used ASTER and MODIS imagery to map urban areas. The purpose of their study was
to enhance the spatial resolution of the satellite imagery by using a method called SuperResolution Thermal Sharpener (SRTS). This process was accurate and could be used for
enhancing spatial resolution of imagery. Other satellites such as Landsat have been used in the
past to thermally map land and water temperatures (Jimenez Munoz et al, 2014).
Young et al. (2017) provided an overview of how to preprocess Landsat imagery, in
specific for ecological applications, from Landsat 1 to Landsat 8 OLI/TIRS (Figure 1). The
absolute correction part of the diagram overlaps with the procedure given by USGS on their
website (Landsat Missions, USGS). This procedure is a radiometric calibration which will
allow the comparison of temperature values from one image to another. The DNs that the
sensor collects in the images are not ready for comparison from one date to another, and that
is where the radiometric calibration becomes critical, given that without it, it would not be
possible to objectively compare different instances in time (Young et al. 2017). Many authors
have used satellite imagery to retrieve temperature estimations. Jimenez-Munoz et al. (2014)
explained two algorithms to retrieve Land Surface Temperatures (LST) from Landsat imagery.
The first one was the Single Channel (SC) algorithm that consists of only using one thermal
band. The second algorithm explained is the Split Window (SW) algorithm, in which both
bands are used to calculate LST. This algorithm has been used in many other articles, such as
Latif, (2014), Du et al. (2015), Li and Jiang (2018) and Rongali et al. (2018). Latif (2014) used
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the split window algorithm to estimate LSTs in the Ranchi district, located in eastern India. In
Du et al. (2015) a split window algorithm was derived and then compared to Jimenez-Munoz
et al. (2014), and Ronzenstein et al. (2014) in different water vapor ranges. When comparing
the algorithms, the results show that the
SW algorithm by Jimenez-Munoz et al. (2014)
performed the best in four out of the six water
vapor ranges. Li and Jiang (2018) developed yet
another SW algorithm and then compared it to
other algorithms. When compared to the
algorithms derived in the study as well as to
Ronzenstein et al. (2014), the Jimenez-Munoz
algorithm

performed

well.

Finally,

Vanhellemont et al. (2020) used the SW
algorithm from Du et al. (2015) and atmospheric
corrections in order to calculate water surface
temperatures (WSTs). Vanhellemont et al.
(2020) was a great improvement because they
developed the algorithm for specifically WSTs
Figure 1: Procedure for Landsat Thermal Imagery
Preprocessing given by Young et al.2019. The absolute
correction part of the figure is the procedure performed
in this project, except for the fact that instead of
performing an LST calculation, an SST calculation was
performed.

instead of LSTs.
The Jimenez Munoz et al. (2014)
algorithm has been adapted and combined with

others in order to develop the Sea Surface Temperature algorithm by Fu et al. (2020). Fu et al.
(2020) performed different simulations using MODTRAN in order to retrieve coefficients for
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the SW algorithm. This study developed two different algorithms, one dependent on the water
vapor content (WVC) and then another not dependent on it. The SW algorithm dependent on
WVC was used to calculate SSTs and the one not dependent on it was used for validation of
the algorithm. They were able to determine that the maximum RMSE was about 2K, and the
bias was about 1K, which they deemed acceptable.
Many studies that have used remotely sensed data have been used to estimate
evapotranspiration, but not evaporation. This is because usually the areas that are being
analyzed are not open water bodies. Even though this is the case, there are some exceptions
that are worth mentioning. Zhao et al. (2020) used MODIS imagery and data for evaporation
estimation to estimate evaporation at 11 different lakes. They used water surface temperature
(WST) derived from the MODIS imagery in order to estimate evaporation by deriving water
column temperature profiles from the lakes. They also performed an energy balance for
comparison. When they compared the results from both procedures, they concluded that the
RS approach was more accurate at estimating evaporation from the lakes than the energy
balance method. Carvajal et al. (2016) used QuickBird imagery in order to estimate
evaporation at different irrigation reservoirs in the south of Spain. They used artificial neural
networks in order to detect the irrigation reservoirs as well as to compute changes in volume
over time. After performing those calculations, they were also able to quantify how much water
could be prevented from evaporating if the irrigation reservoirs were covered. In Bastawesy et
al. (2008), 3 ASTER images and 4 SPOT-4 images, from February 2002 and February 2006
respectively, were rectified and used in order to quantify water loss in the Tushka lakes in the
southwestern desert in Egypt. Average pan evaporation data from 2003 through 2005 was also
used in the calculations. With all this data, they were able to calculate change in stored water
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in the lake so that evaporation could be quantified. With the aid of pan evaporation data and
the produced DEM from the satellite imagery, simulations were done that provided accurate
measurements of evaporation as well as an understanding of possible future conditions.
In Xia et al. (2016) a thermal and multispectral sensor was used on a low-altitude
aircraft and two different models were used to estimate ET, which were deemed accurate.
Tanny et al. (2008) used direct measurements and seven different evaporation models to
calculate evaporation. This was significant to this study given that it helped understand
different evaporation methods that can be used. Just like Tanny et al. (2008), Melesse et al.
(2009) and Kalma et al. (2008) studied different methods of ET calculations, including one
that uses remote sensing in order to estimate ET over a lake. The main equation that Melesse
et al. (2009) focuses on is the energy balance below:
𝑅𝑛 − 𝐿𝐸 − 𝐻 − 𝐺 = 0 (

𝑊
)
𝑚2

Where Rn refers to net radiation, LE is latent heat, H is sensible heat flux and G refers
to soil heat flux. In this equation, LE latent heat flux, which is the energy needed to cause
evapotranspiration in energy units. In the case of this article they used Landsat imagery in
conjunction with energy balance to estimate evaporation over land and water bodies. They
used the temperature of the surface in order to calculate sensible heat flux. They found that the
remote sensing method was very accurate at estimating the monthly lake evaporation after
comparing it to the Penman equation and the other energy balance approaches from other
studies.
Granger and Hedstrom (2011) did a multiple regression methodology in order to
estimate evaporation. They were able to derive some relationships between net radiation and
latent heat, wind speed and latent heat, land-lake temperature contrast, and lake-land water
8

vapor contrast. With these relationships they calculated latent heat at different lakes. Zhao and
Gang (2019) developed an algorithm to estimate evaporation rates over the Contiguous United
States by combining remote sensing with modelling. They used Landsat 7 imagery, as well as
in-situ estimates and measurements.

4. Study Site:
The study site for this project was Cochiti Lake, New Mexico, USA. Cochiti lake is a
man-made waterbody with an area of 3.22 km2, and is located about 50 miles north of
Albuquerque, in Cochiti Pueblo. Cochiti Lake was constructed to be a flood control reservoir
with the construction of Cochiti Dam. The construction began in 1965 and was completed in
1975. Figure 2 shows the location of the lake and an aerial image of the lake.

a)

b)

Figure 2: Location of Cochiti Lake in New Mexico can be found in figure a). The blue area shown in figure b) represents the
clipping of Cochiti Lake used for analysis. The lake was clipped conservatively in order to remove any bias caused by land
pixels.
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5. Methods:
5.1. Satellite Imagery and Data from the CFEP:
The main data needed for this project was Landsat 8 OLI/TIRS, bands 5 (0.85 – 0.88
µm), 10 (10.6 - 11.19 µm) and 11 (11.5 - 12.51 µm) imagery. Landsat 8 TIRS acquires data at
one location every 16 days, but because the images have some overlap, it is sometimes possible
to get data for three different dates per month, depending on the cloud coverage, as shown in
Table 1. TIRS imagery has a ground sampling distance of 100 meters, and is then processed to
30-meter squared pixels, while OLI imagery has a ground sampling distance of 30 meters. The
Landsat 8 OLI/ TIRS imagery was acquired from Earth Explorer, specifically for paths 33, 34
and row 35. The date range that this imagery was downloaded for was: 05/13/2018 –
11/30/2018. In total there were sixteen sets of images to analyze. The month of October had
considerable cloud coverage, and October 26th was the only viable image used in this analysis.
Below are the specific dates of the imagery collected.
Table 1: This figure shows all the dates for which imagery was downloaded and analyzed.

1) May 19th, 2018

9) August 23rd, 2018

2) June 11th, 2018

10) September 8th, 2018

3) June 20th, 2018

11) September 15th, 2018

4) June 27th, 2018

12) September 24th, 2018

5) July 13th, 2018

13) October 26th, 2018

6) July 22nd, 2018

14) November 2nd, 2018

7) July 29th, 2018

15) November 18th, 2018

8) August 7th, 2018

16) November 27th, 2018
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Another set of data that was necessary was the data collected by the CFEP (Figure 5).
The CFEP is a floating evaporation pan with a diameter or 2.44 meters, and a depth of 0.61
meters (Collison, 2019). It is surrounded by a wave guard that is 4.88 meters in diameter that
prevents waves from entering the evaporation pan and compromising the evaporation estimates
(Collison, 2019). As explained in Collison (2019), the CFEP measures the following
atmospheric variables: air temperature, relative humidity, wind speed and direction,
precipitation, barometric pressure, solar radiation, water surface temperature, and net radiation.
The CFEP began recording data on May 15th, 2018 and stopped on November 30th, 2018, which
is the reason why the dates on Table 1 were chosen to be analyzed.

Figure 3: CFEP in Cochiti Lake, NM in 2018 (Collison, 2019).
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5.2.Overview of Methodology:
Figures 4 and 5 show the methodology that was carried out in order to complete this
project. The process entailed cropping the imagery in ArcMap to only show the study area,
inputting the imagery into a python code that extracted the digital numbers (DNs) from the
imagery and converting them into temperature estimates, performing a multiple regression in
order to estimate evaporation, and finally, analyzing the results and comparing them to the
CFEP estimates. More details can be found in the sections below about each of these methods.

Figure 4: This diagram shows the methodology of this project from downloading the imagery to analysis of results.

Figure 5: This diagram shows the methodology performed in Python in which the DNs
were processed to estimate evaporation rates.
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5.3.Preparation of Imagery:
After the imagery was downloaded from Earth Explorer, Landsat 8 TIRS bands 5, 10
and 11 were extracted, as well as the metadata for the imagery in order to be used in the Python
code. Before inputting the data into the code, it was necessary to clip the images to just show
the study area, since the image captured a much larger area than Cochiti Lake. The lake was
cropped using Band 5 to delineate the extents of the lake. The reason why Band 5 was used is
because water absorbs near-infrared (NIR) radiation (Levy, 2014), and water appears as black
on the image, which makes it easier to crop the lake accurately. Figure 6 shows one of the
original Landsat images, with the study area highlighted, while Figure 7 shows the final clipped
image.
This procedure was done in ArcMap by georeferencing the study area shape created to
WGS 1984 UTM Zone 13 N in order to match that of the Landsat imagery. This procedure
was individually repeated for all the instances in order to make sure that only water pixels were
being included in the imagery. This not only helped the code run faster, but also eliminated
pixel values that were not needed for the analysis.

13

Figure 6: Full extent of Landsat imagery with study site

Figure 7: Final clipping of image used in this project.

highlighted.

5.4.Image Processing:
The procedures by Chandler et al. (2019), Latif (2014) and Mishra et al. (2014) were
followed to convert the calibrated digital numbers (DNs) provided in the Landsat 8 imagery to
at-sensor brightness temperatures. This procedure is also the one that the USGS website
delineates (Landsat Missions, USGS).
The first step was to convert the calibrated DNs to Top-of-Atmosphere (TOA) radiance.
TOA radiance is the energy flux recorded by the sensor in

𝑊
𝑠𝑡𝑒𝑟𝑎𝑑𝑖𝑎𝑛∗ 𝑚2 ∗𝜇𝑚

, as mentioned in

Young et al. (2017). The way that TOA radiance is calculated is shown below:
𝐿𝜆,# = 𝐺𝑟𝑒𝑠𝑐𝑎𝑙𝑒,# ∗ 𝐷𝑁𝑠# + 𝐵𝑟𝑒𝑠𝑐𝑎𝑙𝑒,#
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Where:
Lλ,#: TOA radiance for band #.

Brescale: Rescaling bias (offset) factor band #.

Grescale: Rescaling gain factor band #.

DNs#: Digital numbers of the imagery for band #.

The gain and offset values are provided in the metadata and it was possible to extract
them using the code. The DNs for both thermal bands, were converted to TOA radiance.
Figures 8 and 9 show the imagery after the TOA radiance conversion for bands 10 and 11.

Figure 8: TOA radiance results for band 10 on June 11th .

Figure 9: TOA radiance results for band 11 on June 11th .

After completing this calculation, the TOA radiance values were converted into atsensor brightness temperature values (BT). BT is the observed temperature by the satellite as
if the lake, or the surface that is being researched, was a blackbody with an emissivity of 1
(Alley et al. 1999). The water surface temperature equation uses at-sensor brightness
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temperatures as input, so it is necessary to carry out this conversion. The equation to convert
TOA radiance to BT is:
𝐵𝑇# =

𝐾2,#
𝐾
ln ( 𝐿1,# + 1)
𝜆,#

Where:
BT#: Brightness temperatures for band #.
K1,#: First calibration constant for band #.
K2,#: Second calibration constant for band #.
K1 and K2 for each of the bands are constants found in the metadata and were used in this
calculation. Figures 10 and 11 show the image after TOA radiance has been converted to atsensor brightness temperatures.

Figure 10: BT's for Band 10 on June 11th, 2018.

Figure 11: BT's for band 11 on June 11th, 2018.
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5.5. Water Surface Temperature Procedure:
A split window algorithm procedure was followed to calculate water surface
temperatures. Due to the lack of procedures for temperature estimation on freshwater lakes, a
procedure for estimating Sea Surface Temperature (SST) by Fu et al (2020) was followed. This
algorithm was derived from Land Surface Temperature (LST) algorithms such as the one in
Jimenez-Munoz et al. (2014). Even though this algorithm was developed to estimate SSTs, it
was used in this project in order to assess the applicability of it in freshwater bodies. The
formula delineated in Fu et al (2020) to calculate water surface temperature is shown below:
𝑊𝑆𝑇 = 𝑎0 + 𝑎1 ∗ 𝐵𝑇11 + 𝑎2 ∗ 𝐵𝑇11 + 𝑎3 ∗ (𝐵𝑇10 − 𝐵𝑇11 )2 + 𝑎4 ∗ 𝑤𝑣𝑐 + 𝑎5 ∗ 𝑤𝑣𝑐 2
Where:
WST: water surface temperature.

BT10: brightness temperatures of band 10.

a0 – a5: coefficients derived for this equation. BT11: brightness temperatures of band 11.
wvc: water vapor content.
The density of water vapor was calculated using relative humidity (RH) and air
temperature values measured by the CFEP, following the procedures delineated in Sabatini
(2014). An effective water vapor height of 2,330 meters was assumed, and the data was
compared to water vapor content data from Dark Sky API. A simple regression was done to
understand how well the data calculated from the CFEP data fitted with the data from Dark
Sky API, and the simple regression yielded an R-squared of 0.94. Table 2 shows the water
vapor content values used for each date.
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Table 2: Water vapor content values used for each date as calculated by the equation provided by Sabatini (2014) with a
water vapor column of 2330 meters.

Date
5/19/2018
6/11/2018
6/20/2018
6/27/2018
7/13/2018
7/22/2018
7/29/2018
8/7/2018

Water vapor
Date
2
content (g/cm )

Water vapor
content (g/cm2)

0.353

2.317

0.604
0.778
0.564
2.587
0.980
1.575
2.026

8/23/2018

1.787

9/8/2018

1.312

9/15/2018

1.199

9/24/2018

1.404

10/26/2018

1.263

11/2/2018

0.681

11/18/2018

0.724

11/27/2018

Finally, Table 2 shows the values for a0 through a6 and the water vapor content value
used, while Figure 12 shows the WST results for June 11th, 2018. The green dot on Figure 12
represents the location of the CFEP.
Table 3: Coefficients derived by Fu et al. (2020) for SST estimation.

Coefficient/
Variable
Value

a0

a1

a2

a3

a4

a5

-0.992

3.970

-2.963

0.044

-0.328

0.091
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Figure 12: WST Results for June 11th, 2018.

5.6. Evaporation Estimation:
An alternative approach was investigated in order to calculate evaporation at Cochiti
Lake. Instead of using conventional methods such as the Penman equation or the Bowen ratio
(Moreo and Swancar, 2013), a regression approach was taken. The reason why this approach
was taken is because one of the purposes of this project was to start studying an approach that
would eventually lead to not needing to go to the field for data if sufficient field data is
available to perform accurate regressions.
This approach consisted of first, performing a correlation analysis in order to
understand the correlation between the different variables that the CFEP measures. This
correlation was performed to understand what variable combinations could be used in the
19

regression. Figure 13 shows the correlation between different variables. The darker blue and
red colors represent a strong positive and negative correlation respectively.

Figure 13: Correlation diagram for all available variables measured by the CFEP. The dark blue and red represent strong
positive and negative correlations, which means that those variables cannot be used in the same regression.

The first regression that was done was a simple regression where water surface
temperature (WST) was the independent variable, and evaporation was the dependent variable.
This was done to understand how strong the relationship between WST and evaporation was.
This first regression had a very low R-squared, so it was not used to estimate evaporation.
Given that the first regression was not accurate enough, a multiple linear regression where the
independent variables were WST, wind speed and wind direction, was performed. Even though
all variables were found to be significant, all of them with P values of less than 0.0004, this
regression also had a very low R-squared value, which meant that it was not accurate enough.
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The final regression that was a regression where all the variables that did not have a
strong correlation were used as the independent variables. The independent variables in this
final regression were wind speed, WST, barometric pressure and net radiation were used. The
reason why wind direction was not used in this final regression is because it was found to not
be significant in the presence of the other variables. Precipitation was not used because it did
not make the accuracy of the regression better, and the purpose of this regression was to use
the least independent variables as possible. The final R-squared value of the regression was
0.399, and all the dependent variables were found to be significant, with a P value of less than
0.0004. The final equation that was used in order to perform the evaporation estimation was:
𝐸 = 0.0362 𝑤𝑠 + 0.0078 𝑇𝑤 + 0.0003𝑅𝑛 + 0.0004𝐵𝑃 − 0.2572
Where:
ws: wind speed (m/s).

Rn: Net radiation (W/m2).

Tw: water surface temperature (˚C).

BP: Barometric pressure (mmHg).

After finishing the regression, the images were input to the regression as the water
surface temperature variable, and then evaporation was calculated by using the CFEP variables
for the different dates. When this calculation was retrieved the imagery was processed in
ArcMap to be presented as Figure 14 shows. The green dot on the image shows the location of
the CFEP.
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Figure 14: Evaporation estimation on June 11th, 2018.

6. Results:
The temperature and evaporation results are explained in the following sections. The
temperature estimates were smaller in the center of the lake as were the evaporation results,
while being larger near the shore of the lake. Even though this was the case for most dates in
the study period, there were some exceptions.
6.1. Temperature Results:
The temperature results show a seasonal variation of temperature. During the warming
season, specifically from May to August, the Landsat imagery overestimates the temperature
of the water, and during the cooling season, from the end of September through November, the
Landsat imagery underestimates WSTs. Figure 15 shows the temperature estimations from the
Landsat imagery, which are shown by the box and whisker plot, as well as the ones from the
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CFEP, shown by the blue scatter plot. Even though the underestimation of temperature is
apparent during the cooling season, the values measured by the CFEP may have been higher
than the ones shown in the figure because of spider eggs being deposited on the lens of the IR
sensor on the CFEP. From Figure 15 it is also apparent that the WST spatial distribution is
larger during the warmer months than during the colder months. It is important to note that the
top and bottom whiskers represent the maximum and the minimum temperatures.

Figure 15: This figure represents the results of temperature estimations in comparison with the CFEP’s estimations. The blue
scatter plot represents the temperature estimations from the CFEP while the box and whisker plot represent the
temperature estimations using Landsat 8 imagery.

Table 4 shows the spatial variation for each of the dates for which imagery was
available. Temperature variation in this figure is described as the maximum temperature of the
lake minus the minimum temperature of the lake. The minimum spatial variation in
temperature can be seen on October 26th, 2018, with a variation of 4.72 ͦC, and the maximum
spatial variation of temperature can be seen on June 20th, 2018, with a variation of 14.09 ͦC.
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Table 4: This table shows the temperature variation in ˚C throughout the study period. The temperature variation was
larger during warming season, and smaller during cooling season.

Date

Temperature
Variation (˚C)

Date

Temperature
Variation (˚C)

19-May

10.03

23-Aug

7.17

11-Jun

18.14

8-Sep

8.77

20-Jun

14.09

15-Sep

11.11

27-Jun

15.29

24-Sep

9.99

13-Jul

9.68

26-Oct

4.23

22-Jul

12.51

2-Nov

4.72

29-Jul

9.41

18-Nov

5.03

7-Aug

10.52

27-Nov

5.01

Figure 16 shows the spatial variation of temperature throughout the study period. From
the figure, it is apparent that the temperature is usually colder in the deeper and more central
parts of the lake than closer to the shore, but this is not always the case. For example, Figure
15 f), shows the coldest temperatures near the shore of the lake, but it is also easy to see that
temperatures are still lower in the center of the lake and higher near the shore everywhere else
on that date.
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Figure 16: Spatial variation of temperature estimates throughout the study. Blue represents colder temperatures while red
represents warmer temperatures. Even though in most of the dates studied the temperature is colder in the middle of the
lake, there were instances when this was not the case, for example on September 24th, where the coldest temperatures
were found closer to the shore, as shown by the darker blue on the image. All the figures have different legends, and fullpage images can be found in Appendix A.
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Table 5 shows the water surface temperature as measured by the CFEP sensor,
temperature as estimated by the Landsat 8 imagery of the pixel where the CFEP is located and
the difference between them. As shown in this table, the Landsat 8 imagery usually
overestimates the temperature of the lake during the warming season and underestimates
during the cooling season. Something that could have also caused this is the SW algorithm
used in this project, as it is an algorithm for sea surface temperature, and salt water has a
different emissivity than fresh water.
Table 5: Temperature comparison of the temperature measured by the CFEP and the temperature estimated by Landsat 8
at the pixel where the CFEP is located.

Date

CFEP Temperature
Measurement (˚C)

5/19/2018
6/11/2018
6/20/2018
6/27/2018
7/13/2018
7/22/2018
7/29/2018
8/7/2018
8/23/2018
9/8/2018
9/15/2018
9/24/2018
10/26/2018
11/2/2018
11/18/2018
11/27/2018

17.48
20.12
21.34
21.09
23.51
26.43
25.91
23.27
25.04
21.91
19.94
22.11
13.96
13.76
9.66
6.27

Landsat 8
Temperature Estimate
(˚C)
22.22
25.26
26.47
27.9
20.06
27.84
23.98
24.65
18.97
20.76
22.26
19.44
12.57
11.02
7.43
6.4

Difference (˚C):
CFEP-Landsat
-4.74
-5.14
-5.14
-6.81
3.45
-1.42
1.93
-1.38
6.07
1.15
-2.33
2.67
1.39
2.74
2.23
-0.13

6.2.Evaporation Results:
The evaporation results did not show a strong seasonal variation, like the one found in
the temperature results, in fact, the evaporation estimations by Landsat 8 often underestimated
evaporation when compared to the CFEP’s estimates. Figure 17 shows the spatial variation of
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evaporation as estimated by the Landsat imagery with the box and whisker plot, and the
CFEP’s estimates are shown by the blue scatter plot. As shown in Figure 17, evaporation was
underestimated on most dates. The reason of this underestimation could be the accuracy of the
regression used to estimate evaporation in this project, given that the R-squared of the
regression was 0.399.
There were some very accurate evaporation estimations on May 19th, June 20th, July
29th, September 8th, November 2nd, and November 18th. As shown in this bar plot, the spatial
variation of evaporation was larger during the warming season than during the cooling season.
It is also important to note that the top and bottom whiskers show the maximum and minimum
evaporation.

Figure 17: This figure represents the results of evaporation estimations in comparison with the CFEP’s estimations. The blue
scatter plot represents the evaporation estimations from the CFEP while the box and whisker plot represent the
evaporation estimations using Landsat 8 imagery.

Table 6 shows the variation of evaporation in mm for each of the dates in this study.
Evaporation variation is described as the maximum evaporation as estimated by Landsat 8
imagery minus the minimum evaporation as estimated by Landsat 8 imagery. From the table,
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it is easy to see that, just like temperature, evaporation varies more during warming season
than it does during cooling season.
Table 6: Evaporation variation throughout the study period. The evaporation variation was larger during the warming
season than during the cooling season.

Date
19-May

Evaporation
Variation (mm)
0.07

Date
23-Aug

Evaporation
Variation (mm)
0.05

11-Jun

0.14

8-Sep

0.07

20-Jun

0.11

15-Sep

0.08

27-Jun

0.12

24-Sep

0.08

13-Jul

0.08

26-Oct

0.04

22-Jul

0.1

2-Nov

0.04

29-Jul

0.07

18-Nov

0.04

7-Aug

0.08

27-Nov

0.04

Figure 18 shows the spatial variation of evaporation throughout the study period. It is
possible to see that usually the evaporation rates are smaller closer to the center of the lake.
Even though this is mostly the case, there are some instances where this is not the case, as
shown in Figure 18 f), on September 24th the lowest evaporation rates were closer to shore, but
for the rest of the lake, more water evaporated closer to the shore of the lake than in the center.
For the rest of the dates, it is apparent that more water evaporated near the center of the lake
than closer to the shore. Full page images of all dates can be found in Appendix C with legends
included.
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Figure 18: Spatial variation of evaporation throughout study period. For most dates, evaporation is larger closer to the
shore of the lake. Blue represents lower evaporation rates, while red represents higher evaporation rates. Note that the
legends of all the evaporation maps are different.
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Finally, the evaporation as estimated by the CFEP was compared to the evaporation
estimated by the Landsat imagery at the pixel where the CFEP was located. Table 7 shows the
results of this comparison. The Landsat 8 imagery always underestimated evaporation at the
pixel where the CFEP was located when compared to the CFEP’s estimates. This could be due
to the regression that was used to estimate evaporation.
Table 7: This table shows the difference between the CFEP estimates of evaporation and the estimates using Landsat
imagery at the pixel where the CFEP is located.

Date

CFEP Evaporation
Estimates (mm)

Landsat 8 Evaporation
Estimates (mm)

Difference between CFEP
and Landsat 8 Estimates
(mm)

5/19/2018

0.36

0.29

0.07

6/11/2018

0.52

0.38

0.14

6/20/2018

0.43

0.32

0.11

6/27/2018

0.52

0.4

0.12

7/13/2018

0.52

0.44

0.08

7/22/2018

0.41

0.31

0.1

7/29/2018

0.33

0.26

0.07

8/7/2018

0.49

0.41

0.08

8/23/2018

0.32

0.27

0.05

9/8/2018

0.25

0.18

0.07

9/15/2018

0.29

0.21

0.08

9/24/2018

0.28

0.2

10/26/2018

0.1

0.06

0.04

11/2/2018

0.13

0.09

0.04

11/18/2018

0.18

0.14

0.04

11/27/2018

0.06

0.02

0.04

0.08
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7. Discussion:
7.1. Objective #1:
The first objective of this project was to investigate the use of Landsat TIRS imagery
for estimating surface water temperatures of the lake. A split-window algorithm for sea surface
temperature was developed by Fu et al. (2020) and implemented in this project to calculate the
water surface temperature at Cochiti Lake. The results of this project show an overestimation
of temperature values during the warming season and an underestimation of temperature values
during the cooling season. Given that the emissivity of saltwater and freshwater are different,
and for this project they were assumed to be the same, it would be important to compute the
coefficients of the Fu et al. (2020) algorithm for freshwater, and re-do this analysis, in order to
see if the temperatures are still overestimated and underestimated in comparison to the CFEP’s
measurements.
Something to consider is that spiders laid eggs on the thermal sensor of the CFEP which
could have compromised the temperature measurements. In the future, investigating a lake
with several CFEP’s in it would give a better representation of the average temperature of the
lake. Something else that could be done in the future as well is have CFEP data for a period of
at least a year, in order to get a better representation of the variation of accuracy of the Landsat
8 imagery depending on the time of year. Using at least a year of data could give insight of the
temperature variation in warmer and colder months throughout the year.
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7.2. Objective #2:
The second objective of this project was to explore approaches for estimating spatial
variability in lake evaporation. This was done by performing a multiple regression using the
CFEP’s data as well as the processed Landsat 8 imagery.
The regression used in this study had an R-squared of 0.399, with all the variables being
significant. Something that could be done to obtain better results is to study this data using a
higher order polynomial regression that better fits the data. Also, different regressions could
be done seasonally in order to obtain results that best fit the data during different months.
Something else to consider is that wind direction was found to not be significant in the
presence of the other independent variables in the regression. Given that this was the case,
performing a regression using wind speed, wind direction and WST that was not linear or that
included interaction terms, would be of importance. If there was enough data for different
years, with only having to take wind speed and direction measurements as well as water surface
temperature measurements, it would be possible to develop an algorithm that does not entail
so many different variables, thus making the process of estimating evaporation simpler.
The results of the regression were also affected by the spider eggs growing on the
thermal sensors as the data that was used for the regression was the CFEP temperature and
evaporation data. Most possibly if the temperature measurements of the CFEP had not been
compromised by them, the relationship between temperature and evaporation would have been
different and a better estimate could have been calculated.
The evaporation variation within the lake at the time when the image was captured was
small, but still apparent. Just like with temperature, the spatial variation was larger during the
warming season than it was during the cooling season. Given that this is an observation from
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only a six-month dataset with less data during the cooling season, it is not possible to conclude
that this would be also the case during the rest of the colder months such as December, January
and February. Therefore, it would be beneficial to do this study again with a larger dataset in
order to look at this possible trend.
7.3. Objective #3:
The third objective of this project was to compare estimates of lake evaporation
between conventional and RS approaches. This was done in order to assess the accuracy of
this method to be used in water budgets. In order to compare the results of this study to the
CFEP’s results, the evaporation estimated by Landsat 8 at the pixel where the CFEP is located
was used. The evaporation estimated by the Landsat 8 imagery usually underestimated
evaporation when compared to the CFEP. This could be due to the accuracy of the regression
and studying other types of regressions in order to assess which fits the data in the best way is
recommended. Even though, the results showed that this methodology is not the most accurate
to estimate evaporation, it is definitely a good first step to set up and algorithm in order to be
able to perform these calculations without the need to take field measurements.
7.4. Limitations:
One of the limitations of this project were the temperature measurements of the CFEP
given that it is possible that these measurements were not completely accurate. This is because,
as mentioned earlier, there were spider eggs growing on the lens of the IR sensor of the CFEP.
If more accurate surface temperature had been available, the validation of the temperature
estimates from the Landsat imagery could have been more reliable.
Something else that could have made the results of this project more accurate was
having at least one year of CFEP data, which could have allowed to further investigate the
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cooling season. Several sets of Landsat imagery were not used due to severe cloud coverage.
With more CFEP data available, a wider range of Landsat imagery could have been used to
perform these estimates and thus, a better understanding of the reliability of this imagery for
this purpose could have been acquired.
7.5. Assumptions:
One of the assumptions of this project was that the emissivity of saltwater and
freshwater are the same. This was assumed in order to use the algorithm developed by Fu et
al. (2020), but in the future it would be valuable to develop new coefficients for freshwater.
Another assumption was that all the independent variables were spatially constant
except water surface temperature, given that the only available point of data for all these
variables was the CFEP measurement near the shore of the lake. It would be useful to have a
several CFEPs throughout the lake taking measurements so that a better spatial representation
of these variables could be obtained.

8. Conclusion:
The goal of this project was to assess the applicability of thermal IR sensors for
estimating surface water temperatures and open-water evaporation rates al Cochiti Lake in
New Mexico. This was done by implementing remotely sensed imagery in combination with
a multiple regression.
From the results, it is easy to see that Landsat overestimates temperatures during the
warming season while it underestimates them during the cooling season. Both, the
temperature’s and evaporation’s spatial variation were larger during the warming season and
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smaller during the cooling season. It would be crucial to study these variations with a larger
dataset to understand why this happens.
The water surface temperature was mapped for Cochiti Lake successfully. In the future
it would be necessary to develop coefficients specific for freshwater and compare how different
the results are, given that the temperature at the pixel where the CFEP was located was not the
same as the CFEP’s temperature measurement.
When comparing the evaporation estimations of this study with the CFEP estimations,
it is easy to see that the multiple regression underestimated evaporation. Studying different
types of regressions in order to assess which fits the data the best for this purpose is
recommended, but this initial regression was a good start to study the use of Landsat 8 imagery
for evaporation estimation. Something else that could have affected the results was that the
regression was trained using temperature data that was affected by the spider eggs found in the
thermal sensor of the CFEP.
This project was a good first start at assessing the use of Landsat 8 imagery for
evaporation estimation, and it is a matter that should be further studied. Using this type of
approach could lead to simpler ways of estimating evaporation, which would be very helpful
given that Landsat 8 imagery is publicly available, and less equipment would be needed in
order to perform this type of approach. Finally, studying the spatial variation of evaporation
using RS technologies shows the potential to aid in water management decisions.
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Appendices:
Appendix A: Temperature Estimation Results:

Figure 19: WST on May 19th, 2018.
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Figure 20: WST on June 11th, 2018.
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Figure 21: WST on June 20th, 2018.
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Figure 22: WST on June 27th, 2018.
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Figure 23: WST on July 13th, 2018.
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Figure 24: WST on July 22nd, 2018.
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Figure 25: WST on July 29th, 2018.
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Figure 26: WST on August 7th, 2018.
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Figure 27: WST on August 23rd, 2018.
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Figure 28: WST on September 8th, 2018.
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Figure 29: WST on September 15th, 2018.
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Figure 30: WST on September 24th, 2018.
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Figure 31: WST on October 26th, 2018.
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Figure 32: WST on November 2nd, 2018.
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Figure 33: WST on November 18th, 2018.
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Figure 34: WST on November 27th, 2018.
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Appendix B: Regression Statistics:

Figure 35: Final Regression's Statistics.
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Appendix C: Evaporation Estimation Results:

Figure 36: Evaporation Estimation on May 19th, 2018.
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Figure 37: Evaporation Estimation on June 11th, 2018.
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Figure 38: Evaporation Estimation on June 20th, 2018.
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Figure 39: Evaporation Estimation on June 27th, 2018.
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Figure 40: Evaporation Estimation on July 13th, 2018.
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Figure 41: Evaporation Estimation on June 22nd, 2018.

58

Figure 42: Evaporation Estimation on July 29th, 2018.
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Figure 43: Evaporation Estimation on August 7th, 2018.
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Figure 44: Evaporation Estimation on August 23rd, 2018.
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Figure 45: Evaporation Estimation on September 8th, 2018.
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Figure 46: Evaporation Estimation on September 15th, 2018.
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Figure 47: Evaporation Estimation on September 24th, 2018.
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Figure 48: Evaporation Estimation on October 26th, 2018.
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Figure 49: Evaporation Estimation on November 2nd, 2018.
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Figure 50: Evaporation Estimation on November 18th, 2018.
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Figure 51: Evaporation Estimation on November 27th, 2018.
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